Despite noteworthy advancements in the multidisciplinary treatment of colorectal cancer (CRC) and deeper understanding in the molecular mechanisms of CRC, many of CRC patients with histologically identical tumors present different treatment response and prognosis. Thus, more evidence on novel predictive and prognostic biomarkers for CRC remains urgently needed. This study aims to identify potential prognostic biomarkers for CRC with integrative gene expression profiling analysis.
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Background
Colorectal cancer (CRC) is the third most commonly diagnosed malignancy and the second leading cause of cancer death in a global context [1] . The past decades have witnessed a remarkable decline in CRC incidence and mortality overall, and a dramatic rise in the median overall survival (OS) of metastatic colorectal cancer patients [2] [3] [4] [5] [6] [7] [8] [9] . The exciting fact is ascribed to advances in comprehensive medical options, such as laparoscopic surgery, radiotherapy, neoadjuvant and palliative chemotherapies and targeted therapies, along with a deeper understanding of epidemiology, pathology and molecular mechanisms related to CRC [2, 10] . Despite that, CRC, which accounts for almost one-tenth of cancer cases and deaths (with an estimated 1.8 million new cases and 881 000 deaths in 2018), contributes to high medical burden worldwide [1] . It has been wellknown that many of CRC patients present discrepant treatment response and prognosis despite having histologically identical tumors, and thus personalized treatment based on biomarkers is likely to generate great clinical efficacy and public health significance, which not only enhances therapeutic effectiveness but also decreases treatment-related injury and costs [10, 11] . Therefore, although the numerous molecular characterization, biological markers and therapeutic targets of CRC formerly discovered have greatly contributed to the diagnosis and treatment of this malignancy, more evidence on predictive and prognostic biomarkers is meaningful and urgently demanded in view of the biological complexity, worse outcome and high metastasis of this deadly disease [2, 10, 12] .
Striking advancements in microarray and high-throughput sequencing technologies have facilitated the discovery of not only the crucial genetic or epigenetic alternations in carcinogenesis, tumor growth, metastasis and recurrence but also the promising cancer biomarkers for diagnosis, prognosis and treatment prediction [12] [13] [14] . Nevertheless, inconsistent results often occur due to sample heterogeneity in individual experiments or discrepancy in technological platforms [15] . Furthermore, application of relatively small sample size decreases statistical power, which blocks informative and useful findings [16] [17] [18] .
To overcome the limitations and obtain convictive outcomes, integrated bioinformatics analysis, a comprehensive strategy to increase sample size, unify cross-platform standardization of expression profiles and discard invalid raw data, has been widely adopted to identify differentially expressed genes (DEGs) at mRNA and non-coding RNA level in CRC [16, 19] .
This study performed the integrative analysis for the gene expression patterns of 6 microarray datasets in Gene Expression Omnibus (GEO) via using the robust rank aggregation (RRA) method, aiming at discovering the consistent DEGs between human CRC and paired adjacent normal tissue samples. We further validated the aberrant expression patterns of these genes in the RNA sequencing data of the CRC patients from The Cancer Genome Atlas (TCGA). Additionally, we conducted gene set enrichment analysis (GSEA) to investigate significantly dysregulated biological functions in CRC. Finally, we constructed a gene signature with prognostic value in CRC patients through implementing univariate, LASSO and multivariate Cox regression analyses.
Material and Methods

Data collection and preprocessing
Six microarray-based gene expression data (GSE21510, GSE22598, GSE37182, GSE39582, GSE44076 and GSE89076) were accessed from Gene Expression Omnibus [20, 21] Background correction, normalization, and expression calculation for the raw data (.cel format) of GSE21510, GSE22598, GSE39582 and GSE44076 (based on the Affymetrix platform) were conducted by the Robust Multi-array Average (RMA) e918906-2 method [24, 25] in the affy package [26] . The marray package [27] and the neqc function in the limma package [28, 29] were used for preprocessing the raw data of the Agilent (GSE89076) and Illumina (GSE37182) microarray platforms, respectively. Annotation files for probes in the different datasets were downloaded from the GEO database. If multiple probes were mapped to one same gene, the average expression value of the different probes represented the final expression level of this gene. Moreover, conversion among gene symbol, Entrez ID and Ensembl ID was also achieved by the AnnotationDbi and org.Hs.eg.db packages.
Differentially expressed genes (DEGs) screening
For each of the 6 microarray datasets, gene expression difference between the tumor and adjacent noncancerous tissues were calculated by the limma package. Then, the integration for the genes in every list was conducted by the RobustRankAggreg package [30] , which was based on the robust rank aggregation (RRA) method. This rank aggregation approach detects genes that are ranked consistently better than expected under null hypothesis of randomly ordered input lists and assigns a P value for each gene. Bonferroni correction was also employed in case of false positive results, and genes meeting the criterion of |log 2 fold change (FC)| >1 and adjust P<0.05 were taken as DEGs.
For the mRNA sequencing data from TCGA, protein-coding genes with counts >1 in more than 75% samples were retained, and duplicate gene expression values were averaged. Expression calculation, normalization and DEGs screening were carried out by edgeR [31] , with |log 2 FC| >1 and false discovery rate (FDR) <0.05 as the threshold. The impute package [32] was used to fill missing values of the normalized expression data. The consistent DEGs in the 6 microarray profiles were intersected with the DEGs in the TCGA dataset by Entrez ID, and the eventually consistent DEGs between the microarray and sequencing data were reserved for further study. Moreover, the expression values of the eventually consistent DEGs in the TCGA colon adenocarcinoma dataset were log2 transformed before the following analysis.
Gene set enrichment analysis (GSEA)
To identify significantly dysregulated biological pathways in CRC, the GSEA [33] was performed by clusterProfiler [34] , under functional annotations of the Kyoto Encyclopedia of Genes and Genomes (KEGG) database (https://www.genome. jp/kegg/). Entrez IDs and corresponding log 2 FC values of all the genes in each dataset were submitted to clusterProfiler, with the permutation number and the minimum gene set size set as 100 000 and 120, respectively. Activated and suppressed pathways with adjust P<0.05 in each dataset were merged, and ones with higher frequency (found in ³3 datasets) were identified as dramatically changed biological functions in CRC.
Survival analysis
For the included 349 CRC patients, survival time, status, and mRNA expression levels of the consistent DEGs were applied for survival analysis. Firstly, a univariate Cox proportional hazards regression model was built for preliminarily screening OSrelated genes, and the genes with P<0.05 were considered statistically significant. Secondly, a least absolute shrinkage and selection operator (LASSO) Cox regression model was adopted to further select key genes from significant ones in univariate analysis. The glmnet package [35] was utilized to perform the LASSO Cox analysis. The maximum number of replacements was set as 100 000 times, and a sequence of tuning parameters (lambdas, ls) were returned according to the expected generalization error estimated from 10-fold cross-validation. The lambda with minimum mean cross-validated error (lambda.min) was employed. Finally, a multivariate Cox proportional hazards regression model was established to estimate the contribution of a gene as an independent prognostic factor for patient survival. The optimal model was selected by the Akaike information criterion (AIC) method, and thereby a prognostic gene signature was established. The univariate and multivariate Cox regression analyses were all conducted by the survival package [36] . A prognosis risk score was calculated based on a linear combination of the expression value of the gene in this prognostic signature multiplied by its regression coefficient derived from the multivariate Cox model. The formula is as follows:
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Where n is the number of genes, expi is the expression value of the ith variable and coefi is the regression coefficient of the ith variable. These 349 patients were categorized into either low-risk or high-risk group based on the median prognostic risk score. The Kaplan-Meier method with the log-rank test was used to assess the correlation between the risk and OS, and the survival curve was generated by the survminer package [37] . The time-dependent receiver operating characteristic (ROC) curve analysis was conducted by the survivalROC package [38] , and the area under the curve (AUC) was calculated to measure the predictive accuracy of this prognostic signature for time-dependent cancer death. All the statistical analyses were performed with R (version 3.5.2, https://www.r-project.org/) in this study.
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Results
Identification of DEGs
The clinical information for the CRC patients included in the present study is shown in Table 1 , Supplementary Tables 1-3 . We obtained 990 DEGs (495 downregulated and 495 upregulated genes) after performing the integrated analysis of the 6 microarray datasets (Figures 1A, 2A-2F, Supplementary  Tables 4, 5 ), and we also acquired 4131 DEGs (2050 downregulated and 2081 upregulated genes) from the TCGA colon cancer dataset (Figures 1B, 2G, and Supplementary Table 6 ). Subsequently, we intersected these DEGs and finally identified 885 consistent DEGs, including 458 downregulated and 427 upregulated genes ( Figure 1C , 1D, and Supplementary Table 7 ).
Identification of dysregulated pathways
According to the results of GSEA (Figures 3, 4 and Supplementary  Table 8 , 9), 24 pathways (including 5 activated and 19 suppressed) found in more than or equal to 4 datasets were identified as significantly dysregulated biological pathways in CRC. Eight suppressed pathways existed in all the 7 datasets, namely, adrenergic signaling in cardiomyocytes, apelin signaling pathway, calcium signaling pathway, cAMP signaling pathway, cGMP-PKG signaling pathway, neuroactive ligand-receptor interaction, Rap1 signaling pathway, and regulation of actin cytoskeleton. The top 3 activated pathways were cell cycle, RNA transport, and Wnt signaling pathway, which were respectively found in 7, 7, and 5 datasets, respectively. Among the 24 significantly changed pathways, it has long been known that the cell cycle, Ras signaling pathway and Wnt signaling pathway play important roles in the initiation and progression of CRC [12, 39] .
Survival analysis
We performed the univariate Cox regression to investigate the correlation of the DEGs with OS of CRC patients, and identified 101 OS-related genes with P was <0.05 ( Supplementary  Table 10 ). Then, in order to further narrow genes, we employed the LASSO Cox model with 10-fold cross-validation and 100 000 repetitions to acquire optimal penalty parameters. As a result, 22 genes were identified when we chose the minimum criteria where the log (l)=-3.52 with l=0.02957 ( Figure 5 ). Finally, we developed a 7-gene prognostic signature after performing the multivariate Cox analysis, which was composed of TIMP metallopeptidase inhibitor 1 (TIMP1), Axin 2 (AXIN2), C-X-C motif chemokine ligand 1 (CXCL1), leucine zipper tumor suppressor family member 3 (LZTS3), intelectin 1 (ITLN1), carnitine palmitoyltransferase 2 (CPT2) and claudin 23 (CLDN23) ( Figures 6A, 7A ). As shown in Figure 7B , TIMP1, AXIN2, CXCL1 and LZTS3 were upregulated, whereas ITLN1, CPT2 and CLDN23 were downregulated in CRC compared with normal groups. Moreover, lower expression of CXCL1 and CPT2 was shown to be associated with advanced tumor stage (Kruskal-Wallis test P<0.05, Figure 7C , 7D), while the correlation of the other 5 genes with pathological stage was not statistically significant. Among these 7 genes, AXIN2, CXCL1, ITLN1, CPT2, and CLDN23 with HR<1 were identified as protective prognostic genes, whereas TIMP1 and LZTS3 with HR>1 were identified as risky prognostic genes. The regression coefficient for each gene was also generated, and the survival risk score was calculated as follows: risk score=(0.3259×expression level of TIMP1) Figure 6B ). The Kaplan-Meier survival analysis showed that patients in the high-risk group had shorter survival time and more deaths compared with patients in the low-risk group (Logrank test P<0.0001), suggesting expression levels of these 7 genes could effectively distinguish the high-risk and low-risk of these colon cancer patients ( Figure 6C ). The AUC of the timedependent ROC curve was 0.738, 0.769, and 0.851 for 1-year, 3-year, and 5-year OS, respectively, confirming the good prediction accuracy of this prognostic gene signature ( Figure 6D ). The nomogram for survival time prediction of CRC patients is shown in ure 8. CA4  MS4A12  AQP8  CLCA4  ZG16  CA1  CA2  CLDN8  MT1M  CEACAM7  HSD17B2  DHRS9  GCG  BEST4  SCNN1B  CHP2  CFD  HPGD  SLC51B  FOXQ1  KRT23  CRNDE  CTHRC1  MMP1  TGFBI  TPX2  CKS2  VSNL1 LGR5 present study, we used the raw data of 6 whole genome platform-based microarray datasets with paired tumor and noncancerous samples and conducted corresponding normalization for them to make these data more comparable. Meanwhile, we applied the RRA approach to integrate the shared DEGs across the 6 datasets, making the results more reliable than only intersecting DEGs of different expression profiles. Moreover, to detect significantly changed biological functions in CRC, we performed GSEA for each CRC dataset and the pathways found in more than 4 datasets were taken into consideration. Ultimately, we integrated univariate, LASSO and multivariate Cox regression models to identify key prognostic genes in CRC patients.
In the current study, we detected 990 common DEGs between 261 CRC and matched normal tissues in 6 microarray datasets, 885 of which were validated thorough TCGA. When conducting the GSEA, we identified 22 significantly dysregulated biological pathways in CRC. The univariate and LASSO Cox regression models selected 22 survival-related genes, and a 7-gene signature with prognostic value in CRC was finally established by the multivariate Cox analysis. The 7-gene prognostic signature consisted of 2 risky prognostic genes (TIMP1 and LZTS3) and 5 protective prognostic genes (AXIN2, CXCL1, ITLN1, CPT2, and CLDN23). Among them TIMP1, AXIN2, CXCL1 and LZTS3 were upregulated, whereas ITLN1, CPT2, and CLDN23 were e918906-8 3   8  18  26  41  1  63  79  84  85  89  90  94  99  98  98   83  89  96 58 35 downregulated in CRC compared with normal groups according to our bioinformatics analysis. For the 2 risky prognostic genes, the prognostic value of TIMP1 in CRC has been confirmed in former works, while that of LZTS3 has not. TIMP-1 is among human natural endogenous inhibitors of matrix metalloproteinases (MMPs). It has been acknowledged that MMPs, a group of proteolytic enzymes, play an important role in the degradation of extracellular matrix (ECM) components, which is critical for tumor growth, invasion and metastasis [43] . In addition to its function as an inhibitor of MMPs, TIMP-1 can stimulate cell proliferation, induce anti-apoptotic signaling and influence angiogenesis in an MMP-independent manner [44] [45] [46] [47] . Increasing evidence, especially from metaanalysis, has shown that TIMP-1 has potential diagnostic and prognostic value in CRC, and elevated TIMP-1 may predicts shorter OS among patients with no systemic inflammatory response [48] [49] [50] [51] [52] [53] [54] . Consistent with these reports, our study also found that TIMP1 is upregulated in CRC patients and severs as a risky prognostic gene. Members of the leucine zipper tumor suppressor (LZTS) protein family are thought to play roles in cell growth modulation [55] . A past in silico work presented that LZTS3, a member of this protein family, served as a potential tumor suppressor [55] . A latest study showed that highly expressed miR-1275 could promote proliferation and metastasis of non-small cell lung cancer thorough targeting LZTS3 [56] . However, much less is known about the function of LZTS3 in CRC.
Regarding the 5 protective prognostic genes, the prognostic value of CXCL1, ITLN1, CPT2 and CLDN23 in CRC have been reported, while that of AXIN2 has not been totally elucidated. CXCL1, a chemotactic cytokine, involves in cancer progression and invasion [57] . Highly elevated CXCL1 expression is found in CRC, promoting tumorigenicity, progression and metastasis [57] [58] [59] [60] [61] , and higher CXCL1 expression is correlated with larger tumor size and later tumor stage [57] . Recent researches showed that CXCL1 serves as an independent adverse prognostic biomarker in CRC patients, and it might be a novel biomarker and potential therapeutic target for CRC treatment [57, 61] . In contrast, our results showed the e918906-9 C a n c e r AXIN2 N o r m a l C a n c e r N o r m a l C a n c e r N o r m a l C a n c e r N o r m a l C a n c e r N o r m a l C a n c e r N o r m a l C a n c e r N o r m a l correlation of higher CXCL1 expression with lower tumor stage in CRC and that high level of CXCL1 predicts better outcome in CRC. The difference may derive from population heterogeneity and small sample size, and thus large-scale multi-center clinical research studies are needed due to limited evidence on the prognostic value of CXCL1 in patients with CRC.
Intelectin-1 (also known as omentin-1), encoded by the ITLN1 gene, is reported as a protein that possess metabolic, inflammatory, and immune-related properties, and thereby might be correlated with CRC risk [62] [63] [64] [65] [66] . A previous research presented that high intelectin-1 expression is closely associated with favorable prognosis in gastric cancer patients [67] . As for CRC, our findings identified ITLN1 as a protective prognostic gene. Likewise, Kim et al. reported that intelectin-1 predicts better prognosis in stage IV CRC [68] . These findings support the functions of ITLN1 as a potential tumor suppressor in gastrointestinal cancers. Conversely, a prospective cohort study presented that higher circulating intelectin-1 concentrations were related to a higher CRC risk [62] . Since whether ITLN1 is a tumor suppressor or promoter in colorectal carcinogenesis has not been absolutely clarified [69] , the prognostic value of ITLN1 should be highly valued and deserves deeper investigation. CPT2, the key enzyme in fatty acid oxidation, locating on the mitochondrial membrane [70] . Consistent with our study, decreased expression of CPT2 was detected in CRC tissue [70, 71] , and higher expression of CPT2 in cancer tissue as an independent prognostic factor predicts better prognosis in CRC patients [70] . The CLDN23 gene encodes a member of the claudin family, and claudins are known to be crucial in cancer growth and progression [72, 73] . It has been reported that CLDN23 expression is significantly reduced in CRC tissue and lower expression of this gene correlates with shorter OS rates in CRC patients [74] [75] [76] , which is consistent with our finding that CLDN23 could serve as a protective prognostic factor. Furthermore, CLDN23 expression is shown to be epigenetically regulated, and disruption of bivalent histone modifications at the CLDN23 locus probably result in remarkably reduced CLDN23 expression in CRC tissue [74] . As for the AXIN2 gene, both germline and somatic mutations in this gene were found in CRC [77] . The AXIN2 protein, acting as an essential scaffold to help assemble the b-catenin destruction complex, negatively regulates b-catenin-dependent Wnt signaling, the well-known pathway that is critical in initiation and progression of CRC and is featured by accumulation of genetic and epigenetic changes [12, 77, 78] . Meanwhile, AXIN2 is a transcriptional target of b-catenin-dependent Wnt signaling [79] [80] [81] , and highly expressed AXIN2 is found in malignancies with activating Wnt pathway mutations [77] . Give that AXIN2 is not only a b-catenin downstream target but also a key negative feedback regulator of Wnt signaling with induction of b-catenin degradation, AXIN2 has long been hypothesized as a potential tumor suppressor [77, 82] . However, the prognostic value of AXIN2 in CRC has hardly been reported.
In the current study, the gene expression data we used for the integrative analysis were generated from different institutions and accessed from publicly available databases, so we cannot guarantee the quality of these data. Furthermore, the influence of the detailed features such as age, gender, race, tumor grade and stage on gene expression patterns was not considered because our study solely focused on genes consistently identified as significantly altered ones in different researches, which makes some biological information overlooked in our study. Ultimately, given that our findings came from the comprehensive in silico research, additional results from biological experiments and large-scale multi-center clinical research studies will be pivotal for supporting our findings.
Conclusions
In conclusion, we identified 7 potential prognostic biomarkers for CRC by performing the integrative analysis of the gene expression profiles of microarray and RNA sequencing. Our findings would provide more evidence for further applying novel diagnostic and prognostic biomarkers in clinical practice to facilitate the personalized treatment of CRC. Meanwhile, further biological experiments and large-scale multi-center clinical research studies are required to validate our results since our study was conducted based on data analysis.
